This paper addresses the need for a holistic, integrated approach to assessing the impacts of uncertainty on oil and gas investment decision-making. We argue that this cannot be accomplished effectively by just adding a capability to deal with uncertainty to classical, rigorous models of all the components that contribute to an investment decision evaluation. Further, we suggest that such an approach, if feasible, is not desirable. Instead, we propose the concept of a Stochastic Integrated Asset Model (SIAM) embedded in a decision support system. This approach involves trading-off some technical rigor for a more complete and accurate assessment of the impacts of uncertainty on the investment decision-making process. The main elements of the system are: simplified component models for each domain; Monte Carlo simulation engine; modeling language for customization, incorporation of interdependencies between components, implementation of decision logic and updating information as a result of learning. We illustrate how such a system identifies which uncertainties impact the decision the most; values the acquisition of information (data, technical analysis) and encourages flexibility in go-forward plans to mitigate and/or exploit uncertainties. Further applications are to the optimization of development plans, real options valuation and the generation of consistent, risked cash flows for input to portfolio analysis. We believe that application of such a system results in a true value-driven focus to the work of multi-disciplinary asset teams through its ability to integrate the technical and business aspects of decisions.
Introduction
Business Drivers. The motivation for this paper is rooted in two observations of the business climate surrounding the oil and gas industry. The first is that over the past two decades many oil companies have consistently under-performed in returning forecasted economic metrics that were the basis of their investment decisions 1 . This implies a systematic overestimation of returns and/or under-estimation of the risks of loss. Indeed, there is growing evidence (see Fig. 1 ) of a direct relationship between consistent, accurate assessment of uncertainties and risks and the creation of value, resulting in improved financial performance. Recent papers by Simpson 2 et. al. and Jonkman 3 et. al. indicate that this is impacting current business practices. Decision-makers (whether large or small $ decisions) need to make smarter decisions using better assessments of value that capture uncertainty and their ability to make a trade-off between reducing it and managing its impacts. But, what is "better" and how do investors, such as stockholders and governments, define it?
The second observation is that the search for improved margins, often by merger, down-sizing and reduced cycletimes, is making it imperative for many companies to do more with less. They need to make cheaper, faster decisions that use an appropriate level of technical analysis with the acquisition of appropriate data (type, quantity and quality). But what is "appropriate" and how is it defined in the context of uncertainty? time and money can be spent on data and analysis, without always knowing if they will impact the decision.
Instead, we propose to trade-off technical rigor for the ability to handle all facets of the problem, their interrelationship and the impact of uncertainties. The philosophy underlying this approach can be best summed up by the quote from John Maynard Keynes "I would rather be vaguely right than precisely wrong". In this approach the emphasis is on striving for a holistic, accurate assessment of uncertainty rather than precise, over-modeling of those parts of the system we understand well. This principle means that technical analysis should strive to provide accurate assessment of the risks and opportunities associated with business decisions that result from uncertainty.
The proposed tool to implement this approach is a Stochastic Integrated Asset Model (SIAM), which contains simplified (by current technical standards) models for all domains influencing an investment decision, combined with a rich modeling of their interactions and associated uncertainties. A SIAM is the integration of a systems model with Monte Carlo simulation embedded with decision analysis tools. Application of the approach is iterative. It starts with the decision to be made, how accurately the decision criteria need to be assessed, and then works backward to define "fit-forpurpose" data and analysis techniques. Classical modeling and/or additional data collection should only be exercised to resolve uncertainties in those variables identified as having the biggest impact on the decision criteria. Figure 2 illustrates the difference between the SIAM and "classical" approaches.
Previous work. The literature addresses various elements (technology and/or implementation) of the approach outlined above. Simpson 2 and Jonkman 3 provide two recent overviews and a sampling is provided throughout this paper [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] . With a few exceptions, most articles tend to focus on either one technology (e.g. Monte Carlo simulation or decision trees) or on a subset of the problem (e.g. OOIP or processing facilities) or lack true economic evaluation (e.g. reserves defined by process-based recovery factor). Though informative and useful, they lack the fully holistic approach that is required to ensure that the results and analyses are not over-whelmed by the impacts of uncertainty in some aspect of the problem that has been excluded. Or, the analysis focuses on uncertainty independently in various elements of the system and then tries to integrate them. This continuation of the classical reductionist approach misses important interactions and/or dependencies and consequently loses the opportunity to elucidate behaviors, that have not been specifically modeled, to emerge from the overall system. Non-holistic thinking results from a natural tendency for domain experts (geoscientists, reservoir engineers, drillers, facilities engineers) to view their part of the evaluation system as being central. Even economists can fall prey to this thinking -the objective is not the metrics, but decisions, and all other factors that influence them, leading to execution of strategies and tactics to reach corporate goals. In this respect, companies that use multi-disciplinary teams, that cover all domains, will have more success in adopting a truly holistic approach.
Previous work also tends to be technology-decision driven rather than business-decision driven. The goal is seen to be uncertainty/risk assessment and reduction rather than placing it in a broader context of determining its relevance, or irrelevance, to the investment decision.
Common applications of decision tree methodologies (such as for value-of-information calculations) are limited in that an expected value resulting from a decision tree does not fully convey the risks associated with a particular decision 22 . Misunderstanding of the meaning of an expected value may be the reason for a manager's disappointment (and subsequent skepticism in the methodology) when, for example, the "expected" value of taking more seismic was not realized in their specific project. Also, techniques based on expectedvalue fail to estimate the full worth of projects where variability is exploited to create value, such as a scheme to accelerate/decelerate production as oil price increase/decreases.
Finally, classical methodologies for calculating metrics, such as expected NPV, for risky cash-flows fail to account for factors such as
• The value associated with the ability to react as uncertainties are revealed over the course of a project. For example, the ability to curtail a proposed investment stream if STOOIP turns out to be lower than expected.
• The premium paid for a risky cash flow from the perspective of the investor.
• The changing nature of risk between the various cash flow elements and its variation over time. Futhermore, a classical analysis mindset is not conducive to exploiting uncertainty by developing value-creating options, such as investing in the infrastructure required to allow processing capacity to be expanded at a later date to capture upside potential. See Campbell 23 et. al. for more detail on the shortcomings of classical approaches to NPV calculation.
A SIAM-based approach seeks to synthesize elements of classical and modern decision methods suggested by many authors. This paper attempts to integrate these aspects into a technology solution that is more powerful than the sum of its parts and to present an approach to its application. The essence of this approach is to take as broad as possible a view of the system about which a decision is to be made, focusing on the impacts of uncertainty, and only resorting to more detailed and precise analyses when justified by evidence that it will make a material impact on the decisions to be made.
Benefits.
The main benefits of adopting such an approach are the ability to:
• Identify key decision drivers and thus reduce costs by knowing where to focus resources -see Figure 3 for a schematic.
• Estimate the value of more data/information/analysis in reducing uncertainty • Determine the point where it is more economic to plan to manage uncertainty than to reduce it.
• Create value by generating options for a flexible response to uncertainties as they become resolved over time. We also believe that implementation of this approach will enhance the work of multi-disciplinary asset teams by enabling each member to see the relevance, or irrelevance, of their contribution to the decision at hand. Further, a SIAM can provide the model basis for system-wide optimization. Finally, its widespread application across a Business Unit or Corporation can provide the consistency of input required for higher-level portfolio-based decisions.
Components of SIAM System
As outlined above, we are really advocating an evaluation system that has, at its core, a SIAM, see Figure 4 . First we will describe some of the general characteristics the system should possess.
• Holistic. It should contain component models representative of all key aspects of the "system" about which decisions are to be made.
• Fast, Simple Models. An iteration of the overall model should execute in order of 1 second to enable full investigation of uncertainties, options and scenarios. Component models therefore need to have a rich set of input parameters, be relatively low on sophistication/rigor and execute quickly.
• Complex Dependencies. Logic is necessary to model the interactions between the component models to provide feedback between them as the simulation progresses (such as processing facility constraints on production and dependencies between cost and production schedules). This is a critical requirement that is all too often given only cursory attention.
• Simulation-Based. All variables that are uncertain in reality can be assigned probability distributions and the model executed in simulation mode. Simulation provides a mechanism for combining uncertainties and correctly evaluating the outcomes of non-linear systems.
• Dynamic, Adaptable. It should simulate the behavior of the system as it evolves (uncertainties are resolved, decisions are made and implemented) over time. This includes the ability to learn and adapt in response to that learning, for example, by updating uncertainty estimates and development choices. In this respect it is different from classical simulation where all uncertain variables are sampled and fixed at the start of the process.
• Flexibility and Customizability. No two assets are the same. Whilst templates may provide a good starting point, it must be possible to customize the system to the unique facets of each physical system and/or decision.
• Distinguish Uncertain and Decision Variables. Input variables are categorized as being "uncertain", "decision", or "fixed". Both uncertain and decision variables can have ranges assigned to them. In the former case the ranges represent uncertainty (such as recovery factor, oil price) and in the latter they represent quantities that we are at liberty to choose (e.g. number of wells, pipeline diameter, processing capacity). The distinction becomes quite important when performing sensitivity analysis and optimization.
• Multiple Scenarios. The system should be able to manage multiple, distinct predictions of uncertain "states-of-nature" (e.g. depositional environment) and "states-of-the-world" (e.g. new LNG market) as well as distinct choices (e.g. TLP or FPSO). The above description advocates a stochastic systemsmodeling approach to the problem. Table 1 provides a brief comparison between the approach suggested here and the more usual approach of trying to wrap uncertainty around classical models. Although the differences may not be as black-and-white as Table 1 suggests, it suffices to give a good "flavor" of the differences. Figure 2 illustrates how the approaches evolve over time.
In the following sections we outline major components that the system should contain. We will later illustrate its application and benefits by a partial implementation of the ideas using software that is commonly available.
Simplified Domain Models. The goal of rapid execution requires that the component models of each domain be fairly simple. Also, Saleri 4 provides a strong justification, based on accuracy, for trying to reduce complexity within component models. However, the models need to be scalable to capture different levels of sophistication depending on the decision to be made and the point one is at in the process. For example, the simple models required for evaluating an infill well would be differ significantly from a new field development. Multimillion cell models of the subsurface and recovery dynamics, or full surface-facility process-models violate this criterion. Methods for he improving the fidelity of simple models by using classical models to derive them or calibrate them are discussed below.
Simplified models, ideally, should stem from a rich parameter set covering all significant factors that might influence the decision criteria. One form of such models already exists -the analytical models that were used in the industry before the advent of high-speed computing. The main domains are as follows.
• Resource Potential models cover typical G&G domains such as gross rock volume, fluid contacts and properties that control OOIP and flow.
• Development Plan models cover resources for drilling, processing facilities and export. They are used for two purposes. The first is to estimate costs and their timing. The second is to interact with resource and production models to provide constraints and timing for production.
• Production models cover forecasting of the rates of various fluid streams that can be achieved when the development models are applied to the resourcepotential models. The cost and production streams that result from these models are highly dependent on their interactions. We therefore reject approaches that perform separate analyses on any component and then later try to recombine them.
Modeling Language. We agree with Saleri's 4 advocacy of complexity reduction within component models of the system. However, we do think it is necessary to try to preserve the complexity of interaction between models. A high-level modeling language (not programming language) is a key component for several reasons. It is the mechanism by which the desired customization, adaptability, complex dependencies and model evolution can be implemented. Further, it is required to enable an "if-then-else" kind of logic for making decisions along the way as the simulation progresses. The importance of these features of a modeling language is evidenced by the current popularity of spreadsheets Simulation Engine. Simulation is a key component for several reasons. First, information about the full distribution is needed to fully understand uncertainty in the output variables (value metrics), not just an expected value and/or standard deviation.
Second, the individual domain models and their interactions often exhibit non-linear behaviors. Simulation integrates the impacts of the uncertainties in the inputs. Third, simulation generates the information needed to calculate the sensitivity of the output variables to uncertainty in the input variables, whilst accounting for the dependencies between the latter.
Finally, exploiting variability in the input parameters, like oil price, requires demonstrating the value of a development scheme that allows production volumes to change with rising or falling prices. Ignoring price fluctuations shifts the focus towards uncertainty in the long-term trend of the average and thus fails to capture the value associated with price-sensitive options. We will return to this example later to illustrate some of the applications of a SIAM-based system. Scheduling. Scheduling receives special emphasis within a SIAM as a separate, though integrated, component of the system for two reasons. First, our ability to choose the time of decisions (to acquire information, drill wells, build facilities) is often neglected, yet is crucial to the ability to manage risk and create value from projects. Second, scheduling ensures that the system accounts explicitly for constraints such as rig availability, weather impacts and for interactions between domain models such as limitations on oil production due to gas/water processing capacities.
Economics. We break economics out here, rather than treat it as a domain model, since it is the consumer of the scheduled cost and production information generated by the resource, drilling, processing facility, export and fiscal models. There is an ever-growing literature about the limitations of classical techniques, for valuing the cash flows [23] [24] [25] [26] [27] [28] [29] from risky projects. To calculate the value of flexibility, and consider value from the perspective of the investors, it is necessary to extend classical techniques to include the ideas of Modern Investment Valuation 1, 25 , such as real options. These techniques account for risk directly within the cash flows (and, if necessary, may differ for each element of the cash flow) rather than being subsumed within a discount rate derived from heuristics, weighted average cost of capital or capital asset pricing model. They also allow risks of the cash flows to be priced by market instruments.
Decision Support System. This term is defined here to be a collection of tools to aid interpretation of the results of the SIAM output and consequent decision-making. (This is distinct from the decision-making capabilities within the SIAM -see above sections on Modeling Language, Dynamic & Adaptable, Choice & Decision Variables).
The tool set includes such classical techniques as framing tools, strategy tables and decision trees 26 for comparing the expected value of alternative scenarios, consistent with the decision-maker's risk attitudes 30 . Decision trees also form the basis of one methodology for implementing real option valuation techniques [31] [32] . However, as mentioned previously, the expected value resulting from a decision tree is limited in that it does not fully convey the risks associated with a particular decision, hence the need to add a simulation component which can generate a distribution of values at each end node of the tree and to provide the ability to roll these up to an overall profile of uncertainty for the project.
Decisions are often made on multiple criteria and so the system requires a technique for multi-criteria decision-analysis such as outlined by Saaty [33] [34] . Further, not all factors that influence a decision are amenable to a probabilistic (subjective or objective) approach. Inclusion of the techniques described by Hall et.al. 35 provides a formal procedure for incorporating, and analyzing the impact of, factors that are described linguistically. For example, "X is very important", "and it depends on Y happening to some extent", "but we don't have much evidence for Y occurring". Anecdotes also abound of where a future outcome was not even amongst the possibilities considered and assigned probabilities. Through its use of an "evidence-for" and "evidence-against" approach, this methodology has the additional advantage of forcing the evaluators to recognize, and explicitly account for, the fact that there may be outcomes that they have not included in their analysis.
Finally, high-performance data analysis techniques are required for rapid exploration of the multi-dimensional data resulting from the simulations and for the extraction and understanding of key dependencies between input and output parameters. Going beyond traditional sensitivity or Tornado plots to understand the multi-dimensional nature of the sensitivity of uncertainty in decision criteria (such as NPV) to uncertainty in input parameters is critical.
User and Data Interaction. Ideally the system should have a user-interface that is part graphically driven, part "spreadsheet-like" and exposes the modeling language. For example, graphical influence diagrams can be used to understand the structure of the decision by clearly identifying dependencies. They can then be used to drive the creation of a consistent SIAM along with a graphical tool for building the "development plan" for the decision being evaluated. By "development plan" we mean both its traditional use for new field developments and major re-development projects as well as for smaller-scale projects such as sidetracks, in-fills and new data acquisition. A spreadsheet style of interface is preferred, for example, for building component models that are based on table-lookups such as facility component sizes and costs as a function of production rates.
A "control center" is required to set up and manage the various scenarios and options to be evaluated by the SIAM, and to link its output to the decision tools for choosing between them. It should also manage the ties to classical models which can be used to calibrate the SIAM componentmodels, estimate uncertainties in their input parameters or provide alternative models (see next section for more detail). Ideally, the system should also enable classical models, in place of the simplified component models, to be executed by the simulation engine.
Persistent data storage is clearly required for both the input and output, but the nature of the data and the way the system will be used imposes requirements beyond typical current solutions. For example, it must support the ability to track the input/output data associated with alternative scenarios and options within a scenario. The data structures themselves need to be able to comprehend probabilistic data as a type, multiple realizations (and their input data) and consistency of data that is common across a portfolio of assets (e.g. oil price) or "states-of-nature" (e.g. source rock). Finally, it must support efficient exploration by data analysis tools.
Tie to Classical Models
The SIAM-based approach advocates starting with as broad an analysis as possible, with a goal of understanding the impacts of uncertainty.
Classical domain models still contribute once it has been established that there is value in reducing uncertainty or increasing the depth of analysis provided by the SIAM system. Even then, as illustrated in Figure 5 , due consideration should be given, as a function of the decisions to be made, to the level of detail and rigor required.
There are three ways that classical domain models can be used to improve a SIAM.
Uncertainty Estimates. The simplest use of rich models is in making multiple runs to generate bounds, or provide some data points, from which uncertainties in the input parameters of the SIAM can be estimated. For example, say that Gross Rock Volume (GRV) is an input to a SIAM (rather than a component model of a SIAM). A number of different timedepth conversion models combined, with traditional mapping of surfaces, can be used to provide some date points from which a GRV PDF can be inferred. Likewise, a range of reservoir simulation runs could provide an estimate of recovery efficiency PDF. Generally, the classical models do not provide the PDFs directly in this approach. Better uncertainty estimation will emerge if it is considered as an interpretative exercise, with the classical models providing some data points. Other factors need to be considered, such as a recognition that the use of simplified models itself induces uncertainty and that the very nature of classical-modeling can lead to over-confidence in the accuracy with which uncertainties have been assessed.
Calibration. We can go beyond mere uncertainty estimates and try to calibrate the simplified component models. The aim here is to improve the fidelity with which the simplified models represent the real world, rather than assess the uncertainty in their input parameters. We will use the calculation of OOIP of the resource as an example. Assume the simplified model consists of a straightforward geometricalbody representation, of the volume to be exploited. This could be as simple as a cylinder for an in-fill well or a combination of bodies that represent a whole field. Rather than use average property data from the wells (porosity, saturation, etc) as input to calculate the OOIP of the simple model, we can back out "effective" properties from a multi-million geo-cellular model that incorporates all the information about structure, fluid contacts property trends and their correlations. In this case the simple model's GRV, OOIP, HCPV etc will match exactly those of the rich model. Uncertainties can then be assigned to these effective values, as above, recognizing dependencies between them.
The application of calibration can be extended beyond the individual domain models to the overall results of the SIAM. In this case we could take the cumulative distribution of NPV and select, say, the input data for the 11 deciles (p0, p10, p20…etc) -see Figure 6 . We could then run the rich model equivalents of these and calculate new NPV's that are used to calibrate the CDF from the SIAM. Due to multi-dimensional correlations and the vagaries of "what is the p10 equivalent rich model?" this procedure still does not guarantee a true CDF but should yield better estimate.
Generating Simple Surrogates. The goal is to derive simple parametric equations that characterize the changing response of the rich model to changing input parameters. Good examples are characterizing recovery efficiency or breakthrough time using a reservoir simulator. The procedure uses experimental design techniques to identify a minimum number of cases that will yield maximum information regarding how the simulator output varies as a function of its inputs. Analysis of variance is then used to identify the most sensitive input parameters. Next, experimental design is applied again to define a second series of runs, this time focusing on the variability of the previously-identified key input parameters. Finally, a multivariate regression technique is used to generate the coefficients of a polynomial equation that relates the response of interest to input key input parameters. We call this a simple surrogate for the rich model. This simple surrogate can then be used as one of the domain models in the SIAM and uncertainties assigned to its input parameters.
Papers by Jones 36 , Narayanan 37 and Corre 17 provide examples and more in-depth discussion. The latter reference shows how the techniques can be applied to time-varying responses, such as cumulative production. We will later suggest how these same techniques can be used to represent the whole SIAM by a response surface, which is then used in a portfolio system.
Implementation.
An example high-level workflow for implementing a SIAMbased system is presented in this section. The approach starts with the decision to be made, how accurately it needs to be assessed, and then works back toward defining "fit-forpurpose" data and analysis techniques. We then propose an iterative, scalable approach, getting progressively more rigorous and precise only when the value of doing so is proven.
The first step uses decision-framing tools to comprehend the key decisions and the options and/or strategies to be evaluated. The structure of each strategy/option is then outlined using the influence diagrams with a special emphasis placed on eliciting dependencies between the elements. The influence diagram provides an outline for constructing the SIAM. Previous models and/or templates can be used as a starting point, and the modeling language employed to customize them to the specific projects to be evaluated. Input variables are categorized as "uncertain", "decision", or "fixed". A simple one-at-a-time sensitivity analysis is carried out on the "uncertain" variables to determine which are likely to have the biggest impact. PDF's are then assigned to these variables using currently available data and/or analysis.
The SIAM is then run to generate a PDF of the decision metrics (e.g. NPV). Within the run, the "decision" variables may be used for optimization (e.g. number of wells, platform position) or this step deferred until a decision is reached. At a minimum, a sensitivity analysis of the "decision" variables identifies the key levers for changing project value. A multivariate sensitivity analysis is then performed on the "uncertain" parameters in order to determine which ones contribute most to the uncertainty in the output metric. A determination is made as to whether a decision can be made now or if more detailed analysis or information is required. If the latter, this should focus on the most important variables. Where justified, the SIAM is then updated both in terms of its component models (by the calibration procedures outlined above) and for better estimates of the uncertainties in the input parameters. The above process is repeated until such time that the uncertainty in the decision-criteria is reduced sufficiently to make a decision. The emphasis then switches to optimizing around the decision that has been made and developing plans to mitigate the remaining uncertainty. The SIAM model is not static over the life of an investment. The component models should become more detailed as uncertainties in particular parts of the system are proven to have significant impact, as shown in Figure 2 . Effective implementation of this approach may require some change management in terms of rewarding decision processes and/or long term outcomes rather than the outcome of a single decision.
Applications.
The SIAM-based system has a wide range of applications, as indicated below. Moreover, these applications can be made to a wide range of investment decisions, from exploration and appraisal through to infill drilling and work-overs in producing fields. In each case the key is to build a holistic model and focus on a complete and accurate assessment of the impacts of uncertainty.
To construct our illustrative examples, we have used DPL for influence diagrams and decision trees, Excel for model building and CrystalBall for simulation, because no commercially available software combines all SIAM elements, to our knowledge.
Focusing Asset Teams. The holistic nature of the system enables asset teams to identify the true decision-drivers through sensitivity analysis. If only part of the system is modeled it is impossible to know whether or not there might be other factors that have a bigger impact. All impacts are also measured in economic rather than technical terms (dollars rather than OOIP or reserves). Two types of decision-driver can be identified
• Uncertainty Drivers are those model parameters whose uncertainty in value has the biggest impact on uncertainty in the decision metrics. For example, porosity, oil price, seismic velocity, GOR.
• Value Levers are those variables whose values the team can choose and which have the biggest impact on the decision metrics. For example, Production Sharing Contract terms, steel price, peak processing capacity In carrying out and interpreting the sensitivity analysis it is important to distinguish between these two types. It is also important to delve beyond the simple "tornado" style sensitivity charts to investigate the multi-dimensional nature of the sensitivities, that is, a key driver may be important only for particular combinations of other variables.
The value of this type of analysis to asset teams is twofold. First, it gives an indication of where to focus human resources for further analysis and where to focus dollar resources on acquisition of more data (a more rigorous approach is described in the next section). Secondly, it can create a more business-driven atmosphere in the team through each member knowing the relevance, or irrelevance, of their contribution. It is our observation that technical specialists are willing to accept a "fit-for-purpose" analysis when that can, in fact, be demonstrated to be sufficient. Without this evidence there is a natural tendency to do the best job possible, often leading to a confusion between accuracy and precision.
Scenario Analysis. The distinction between scenario analysis and sensitivity analysis around decision variables is not absolute. We characterize scenario analysis as the evaluation of discrete and significantly different alternatives whereas sensitivity analysis is more like variations on a theme. This applies to both uncertain variables ("state-of-the-world" scenarios) and decision variables (alternative choice scenarios). For example, different depositional environment interpretations, or choice between an FPSO and a TLP would be different scenarios. Extent of permeability continuity or choice of number of wells on a platform would be sensitivities. Generally, a different, or variant, SIAM would be required for each scenario whereas sensitivities can be investigated merely by putting ranges on the decision variables of a given SIAM. In practical terms, a SIAM would be built for each scenario considered and used to generate PDFs of the decision criteria metrics. Different scenarios are evaluated using a decision tree and/or multi-criteria decision analysis technique. 38 . These methods emphasize that valuing investments is contingent on other conditions. A good analogy regarding MIV compares the classical DCF processes and MIV to buying a lottery ticket and playing poker. In the lottery, the buyer buys a ticket (place their bets) and waits for the outcome. On the other hand, poker permits the gambler to put a small amount down and then keep increasing the bet contingent on each round of cards. Classical DCF investment decision evaluation assumes the investor is playing the lottery, while the modern approach follows the poker analogy. Implicit in the approach is the idea that the opportunity to change the bet (or invest) over time conveys benefits by altering risk or improving profitability.
We distinguish between real options thinking and real options valuation. Real options thinking focuses on assessing the value of the option to acquire information to reduce uncertainty and the value of flexibility (options) to exploit, or at least mitigate, the impacts of uncertainties as they are resolved. In this sense it can be considered as an extension of traditional decision analysis techniques. We reserve the term real options valuation to mean calculating the value of risky cash flows from the perspective of an external investor, where the risk is priced using a portfolio of openly traded market instruments that carry a similar level of risk.
Classical methods of calculating NPV not only ignore the value of real options thinking and valuation, they penalize any delay in making the investment. Experienced decision makers who use NPV are well aware of these limitations and often use "gut feel", or "strategic considerations" to compensate. Note that this argument merely extends NPV, and other metrics that result from a discounted cash flow analysis, and the traditional methods of calculating them to include the value of options and to properly evaluate the impact of risk. Real options thinking therefore provides some tools for quantifying "gut feel" and "strategic leverage" by objective valuation.
Value of Information (VoI). The use of VoI has been growing in the Exploration and Production business. Its essence is to calculate the expected value of acquiring information, or doing more analysis, given its cost. For example, estimating the value of acquiring 3D seismic during appraisal. Rarely is the information perfect (if information says X, then X will be found) it is more likely to be imperfect (if the information says X there is a finite probability that X will not be found). The method is based on Bayesian revision of probabilities, normally calculated by using decision trees by comparing the expected project value without the information to that with it. We will not go into detail here, but refer the reader to [39] [40] [41] [42] . The word "expected" is key. It implies that the VoI is that which would be expected in the long run with the consistent application of the methodology. It does not imply that the value will be realized for a particular decision.
In the system described here, the necessary Bayesian updating is performed automatically by a simple "click and drag" to reverse decision and outcome nodes. This obviates the need for the user to calculate the updated probabilities, which we suspect is a significant factor preventing wider use of the technique.
Typical application of the technique has moved from a means of justifying further data collection and analysis to reduce uncertainty, to providing a guide as to when it is more economic to go ahead, make the investment decision, and live with the consequences -the lottery analogy. However, it is possible to do better than just "live with the consequences". This brings us to poker.
Value of Flexibility (VoF). It is possible do better by creating options to react as uncertainties are revealed over the course of an investment. This concept is not as well established as VoI, so we define the term VoF in an analogous sense, except that the goal is to value these options to react as opposed to valuing the option to reduce uncertainty. In terms of the poker analogy, we can fold, stick or increase our bet after the first round.
There are three aspects to "doing better". The first is to develop options to mitigate the risks arising from negative impacts of uncertainty. For example, flexibility is created by deciding to install separate platforms for the producing wells and processing facilities and by delaying final specification of processing capacity until after a first phase of development drilling is complete. Then, if it is discovered that OOIP is at the low end of the predicted range (see Figure 7) we can scale back accordingly, or in an extreme case, exit. The issue to be evaluated is, given the uncertainty in OOIP, what is the value of waiting to make the final processing capacity choice worth compared to the value lost by delaying the onset of production? (A classical NPV analysis would only show the value lost.) If the net value is positive then we have raised the expected NPV.
The second aspect is creating options to capture the upside. Planning to respond to much larger OOIP than expected (see Figure 7 ) also provides flexibility by deciding to pay some up-front costs for extra well slots on a platform, as well as waiting on the final decision for processing capacity. The issue to be evaluated is, given the uncertainty in OOIP, what is the value of the option to increase the number of producing wells compared to the cost of the slots (which have a finite probability of not being used). A positive net value raises the expected NPV.
In the examples above, if there had been no uncertainty there would have been no scope to create options to raise the expected NPV. It is in this way that, perhaps counterintuitively, uncertainty can add value if one has a capability to react appropriately. The core of real options thinking lies in devising such capabilities, evaluating their cost-benefit and then executing them.
The third aspect of VoF is in planning to exploit variability. For example, what would be the net value of devising a processing and export facility the enabled production to be accelerated when oil prices are higher and decelerated when lower? Table 2 summarizes some of the input data for a SIAM model constructed to evaluate this question (a full description of this model would comprise a complete article). Key elements are an assumption of a mean reverting oil price with zero growth or decline in its long term trend and min and max caps on the "theoretical" variable facilities. Without any ability to relate production to oil price the expected NPV was $410m. Adding the capability just to decelerate production when prices are low raised this to $427m. Adding acceleration capacity raises the NPV to $497. Thus, we could consider spending up to $87m to devise such a scheme. ($m refers to million dollars)
Of course, it is not possible to have continuously expandable tankers and processing facilities! However, the potential value of such a capability combined with the an options mindset could lead to a feasible solution such as contracting for an option on extra tankerage and a scalable battery of processing facilities. If the only uncertainty in oil price was the uncertainty in the drift of its long term mean there would be no value from such a scheme. However, recognizing, and modeling, short-term variations around that mean exposed a source of value creation. This was made possible by the simulation capability of the system. Executives desiring employees to "think out of the box" should realize that the common valuation system discourages, and, often, rejects such efforts.
A shift in thinking from Value-of-Information to Value-ofFlexibility is key to starting down the path to improved investment decisions. Moreover, this kind of thinking may change the point at which VoI indicates it is better to make the investment decision. One possible outcome is that there is more value to be gained from the cost of exploiting the uncertainty than from the cost of reducing it. Real options thinking creates a positive mindset around facing and dealing with uncertainty rather than the usual negative reaction one Given the importance of creativity, classical decision analysis tools, such as influence diagrams and strategy tables, implemented with a process that encourages expansive framing of the problem 26 , are key components of the proposed evaluation system. The combination of decision tree and simulation capability provides the tools required for the calculations. The procedure is to compare the expected project values with and without flexibility and/or new information. Timing is a key component of this, hence our emphasis on the importance of scheduling and ensuring that dependencies are fully captured.
Real Options Valuation. In the sections above the emphasis was on using established technologies with new thought processes to adapt traditional DCF analysis. A further step is to leverage the ideas under-pinning the valuation of financial options. The advantages of doing so are that it overcomes some of the limitations of classical NPV by
• simplifying the choice of the all important discount rate • allowing different elements of the cash flow to be risked differently • using the market to value risk There are two broad approaches to implementing these ideas. The first tries to find an analogy between the real option problem and a financial option, and then use the analytical solution techniques of the latter. The second 24, 31, 32 is a decision tree approach in which market risks (e.g. oil price) are accounted for by adjusting probabilities to reflect the premium paid by the market for equivalent levels of risk and private risks (e.g. recovery factor) are accounted for by traditional direct estimation of their probabilities. The value of the various options are then calculated by "rolling-back" the decision tree using dynamic programming.
In each case, risk is no longer accounted for in the discount rate, which is chosen to be at or near the risk-free rate. We feel that the former approach is more limiting in that only a small number of uncertainties can be dealt with by the analytic solution techniques. It also tends to lead to a "force the problem to fit the tool" mentality. We believe the second approach is more amenable to adoption because it based on tools that many in the industry are already familiar with. It can easily be implemented in our proposed evaluation system. However, we also see a variant on this approach where the problem is structured similarly to a decision tree, but is solved by simulation with an optimization step. Although this is subject of further work, we believe it is an even simpler way to achieve the benefits of real options valuation. Classical DCF and NPV analysis took 20-30 years to replace payback period 27 as the norm for valuing corporate investment decisions. With this history, it is unlikely that real options valuation techniques will be adopted rapidly.
Decision Optimization. Within the evaluation process there is the opportunity to perform optimization at two points. Either within the SIAM simulation process itself whilst evaluating different alternatives, or after it has occurred to optimize the chosen decision. To do this we take advantage of the ability of sensitivity analysis to identify those decision variables that are key Value Levers (see above). These Value Levers are the parameters we can change to optimize the decision. The holistic nature of the SIAM modeling process helps to ensure that optimization is performed against an objective function that incorporates the impacts of a wide range of factors and dependencies that influence value.
There is much scope for optimizing decisions. For example, the methodologies proposed by Ding and Startzman 10 and Iyer et.al. 44 for optimizing well and platform numbers and locations could be implemented.
Portfolio Management. The final application of the system discussed here is its capacity to provide the input required by risk-based portfolio analysis and/or optimization techniques [45] [46] [47] [48] . These techniques can be used to allocate capital either between competing investment alternatives within an asset or between the assets themselves. When it comes to allocation between assets, we recognize that many companies resort to ranking-based portfolio decisions because of philosophy or through organizational barriers to implementation of a more rigorous approach.
None-the-less, this is another area where growing interest is being displayed by the industry. There are two main ways in which our system can contribute to the input to a risk-based portfolio analysis/optimization system. The first is that it can supply the necessary PDFs for the value metrics (NPV, NPV/INV, etc) and can also provide distributions for the cash flows on which they are based. SIAM provides better estimates of these metrics for the various reasons outlined earlier.
Secondly, its consistent application across all projects/assets contributing to the portfolio helps assure the normalized input that is a necessary condition for the success of portfolio analysis and optimization techniques.
Finally, we have never seen any public portfolio optimization system that is capable of incorporating and manipulating the options associated with each asset. There is merit in applying the concepts behind experimental design and response surface modeling that were outlined in the "Generating Simple Surrogates" section. However, instead of applying them to classical technical models to generate a simple model for insertion in SIAM, they could be applied to the SIAM itself to develop a simple model, including options that can be exported to a portfolio. Whilst some may be alarmed at this nested reduction in model detail, we contend that it would carry much more information to the portfolio level than any current approach.
Limitations and Direction for Future Work
We have already discussed requirements for further development around,
• multi-dimensional sensitivity analysis,
• decision analysis techniques that can incorporate "soft" heuristic and linguistic input, • implementation of real options analysis, • application of SIAMs to portfolio analysis and optimization. In addition to these topics there is a need to develop higher fidelity simple component models, whilst retaining complex dependencies between them and maintaining accessibility, speed of execution, robustness and interpretability. Also, more emphasis needs to be placed on incorporating metrics appropriate for investors whose definition of a return on investment is not measured in monetary terms.
Spreadsheet issues. Through our own work we are well aware of both the benefits and drawbacks of spreadsheets. The benefits, particularly their flexibility, customizability and widespread acceptance, are well known. Their drawbacks are less often discussed. The first major drawback is their extensibility, particularly in a multi-user, multi-site, linkedspreadsheet environment. Unless extreme care is taken over control of updates, it is easy for a user to modify one sheet in such a way that it mis-ties the linkage to other sheets. It's like having access to raw computer code -which is also a strong part of spreadsheets' appeal. When dealing with highly integrated models with multiple dependencies, multiple data types, varying over time and multiple simulation runs, one quickly reaches the limits of what spreadsheets can do and the efficiency with which they do it.
Second is the issue of auditability and error-checking. There has been a surprising amount of rigorous research carried out on the quantity and types of spreadsheet errors. The results are alarming, showing high error rates in even single-user simple-problem spreadsheets. Considering just cell entry errors (as opposed to errors of structure or logic) Panko 49 reports "Every study that has attempted to measure errors, without exception, has found them at rates that would be unacceptable in any organization. These error rates, furthermore, are completely consistent with error rates found in other human activities. With such high cell error rates, most large spreadsheets will have multiple errors …". Our experience supports this finding. We recently found several serious errors used to justify multi-billion $ decisions. Correcting the errors reduced the value of the investment by more than 50%.
The challenge is to develop systems that incorporate the main benefits of spreadsheets, especially their flexibility, whilst overcoming their deficiencies. A modeling language provides more flexibility, consistency and control, but at the expense of requiring users to go through a learning curve.
Conclusions
The SIAM-based investment evaluation system seeks to integrate improvements in decision processes, valuation methods, and formal risk assessment, made possible by the far greater processing capabilities available to professionals today. Many of the current solution methods originated from the need to simplify or reduce complex systems to a manageable level when the slide rule or calculator was the dominant tool.
A SIAM seeks to utilize the power of current systems to recombine the information into a holistic framework that allows professionals to understand and trade-off the uncertainties inherent in the entire system, not just the traditional or popular components. The holistic approach improves the investors' chances of truly integrating the technical to business decision-making process, ensuring a proper balance between every component within the system; thereby minimizing the danger that sound analysis will be wiped out by ignored, poorly thought out, or omitted uncertainties elsewhere.
The proposed system enables several decades of evolving improvements to classical evaluation and decision-making techniques to be implemented in a logical, unified process that fits the changing employee and investment dynamics of our industry. We have described how it can deliver faster, cheaper, and above all, better investment decisions, and demonstrated this with an example of how uncertainty can be exploited to create value by adding flexibility to development plans. 
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